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1st Editorial Decision 27th Oct 2022

Thank you for submitting your work to Molecular Systems Biology. We have now heard back from the three reviewers who
agreed to evaluate your study. As you will see below, the reviewers find your study of interest. However, they raise substantial
concerns about your work, which should be convincingly addressed in a major revision of the present manuscript.

Without reiterating all the points listed below, the most fundamental issues that need to be convincingly addressed are the
following:

- Reviewer #3 raised significant concerns about data analysis and statistical implementation, which must be carefully addressed.
- Reviewer #2's concerns about the conclusiveness of the main findings (especially major points #1 and #2) should be
satisfactorily addressed. Several related statements should be better supported and more carefully worded to avoid
overstatements.

All other issues raised by the reviewers need to be satisfactorily addressed as well. Please feel free to contact me in case you
would like to discuss in further detail any of the issues raised by the reviewers.

Reviewer #1:

This is an interesting study in which the authors investigate the impact of a mild or asymptomatic COVID-19 infection on the
long-term DNA methylation pattern in the blood of the patients during and after the infection. The authors identify transcriptional
changes during infections, and in parallel DNA methylation changes with a slower kinetics. Interestingly, it is only the DNA
methylation that persists long-term after the infection. Moreover, the post-infection patterns seem to be association with an anti-
protective effect against SARS-CoV-2 infection.

Comments

1. The study is very interesting and relevant, and the methodology is appropriate. | would only suggest a bit more caution in the
final conclusions of the study. In this respect, "Probabilities of these samples being misclassified as active infection or LatePost
were not significantly associated with viral load (Fig. EV7b)". It was only the "probabilities of the pre-infection samples being
misclassified as EarlyPost" that were associated with having higher maximal levels of virus detected by PCR (Page 9). Thus, it
should be concluded that this deleterious effect of the COVID-19 infection is relatively short lived, although certainly important.
This should be clearly discussed.

2. COVID-19 is not the only infection which is associated with an increased susceptibility to other infections after recovery: other
examples are sepsis or measles, although the impact of epigenetic changes after these infections has not been studied.
Nevertheless, it would be good to discuss these other infections.

3. It would have been ideal to be able to assess whether in addition to viral loads associated with the post-COVID19 DNA
methylation patterns, there are also associations with markers of systemic inflammation (e.g. CRP, NLR, ferritin, etc), known to
contribute to severity of the disease. Is such information available?

4. Can the authors speculate whether the susceptibility to other infections than COVID-19 might be influenced by the long-term
changes in DNA-methylation.



Reviewer #2:

In this manuscript, the authors first observed a persistent methylation but not gene expression pattern post asymptomatic or
mildly symptomatic SARS-CoV-2 infection by comparing methylation and gene expression profile of patients and control state
through the course of the disease in the CHARM study cohort. The prolonged methylation is clustered into seven groups, each
is enriched with distinct biological contents. Then, using the methylation data, a regression model was built to predict days post
infection. The authors also trained classification models to investigate whether the methylation pattern could be applied to
predict other disease state. Finally, the methylation data indicated that a post-infection like methylation profile was anti-protective
and associated with poor prognosis regardless of gender. Such methylation seems cumulative, since post-infection like pattern
becomes more obvious as age increases. It exerts prolonged effect, and is distinct from previous defined trained immunity.
However, despite of intriguing results, there are major problems in article structure and data interpretation.

Major.

1. The major conclusion is not convincing.

(1) ... In other words, the control samples could already be in a post-infection-like state, for example as a result of infection with
a different infectious agent or another immune challenge such as vaccination. According to the authors, the post-infection-like
methylation pattern has an anti-protective effect (Fig. 5b). Patients who underwent SARS-Cov-2 infection (LatePost) should
establish such methylation pattern, and thus should exhibit the same anti-protective effect. However, the probability of
misclassifying a control sample as LatePost does not correlate negatively with relative viral levels (Fig EV7b, right). Why?

(2) The authors assumed that anti-protective methylation was related with innate immunity (... for example as a result of infection
with a different infectious agent or another immune challenge such as vaccination.). However, the methylation data is heavily
correlated with adaptive immunity (B & T cells, Fig. EV4b). Therefore, the methylation data may reflect the activity of adaptive
immunity in each patients. Each control sample may vary in the activity of adaptive immunity intrinsically, and those who
resemble EarlyPost state have a more active adaptive immunity preset, resulting low viral loads. If the authors want to conclude
that anti-protective methylation comes from previous infection/stimulation, more solid biological data, rather than mathematical
manipulation, is needed. Otherwise, it is circular argument.

2. Inconsistent article structure.
In the part "SARS-CoV-2 methylation clock”, the authors trained a regression model to predict days post infection. These
contents are disconnected from the remaining parts of the article and thus unnecessary.

3. Improper data interpretation.

In the part "Relationship to other conditions", the classification model is applied in a variety of disease types, such as
autoimmune diseases (SLE, multiple sclerosis and rheumatoid arthritis), acute infection (SARS-Cov-2 and influenza) and
chronic infection (HCV), which varied greatly in mechanism and phenotype and thus it is not reasonable to generalize the
classification model. For example, ... Significant enrichment was observed between EarlyPost period DMS and the HCV study,
an HIV study and two SLE studies. How to explain the resemblance? Is the same enrichment observed in other chronic or
autoimmune diseases? What are the authors trying to imply with this model? Unless more biological interpretations are made,
the generalization is meaningless.

Minor.

1. Among the top 16 CpG sites used by the model, we highlight two hypomethylated sites in IFI44L, which were individually
inversely correlated with virus level (Fig. 5a): Should be Fig. 5b.

2. Can you define how long the anti-protective methylation pattern exist?

3. Since the authors mentioned train immunity, is methylation involved in the regulation of trained immunity? For example, what
is the methylation level of IRF targeted genes?

4. Which type of cells play the major role in methylation-related anti-protection?

Reviewer #3:

The paper "A methylation clock model of mild SARS-CoV-2 infection provides insight into immune dysregulation" from Chikina
and Sealfon's labs is a well-conducted longitudinal Covid-infection study of transcriptomic and DNA methylation (DNAm)
patterns in a reasonable number of healthy young individuals (all males). The authors find that the severity of symptoms (in this
cohort asymptomatic vs mild) did not have an impact on differential expression or DNAm patterns, but that there were
differences between pre-infection, first and subsequent PCR+ tests and PCR- post-infection period. In particular, the authors
discover that whilst gene expression patterns post-infection largely return to pre-infection levels, that DNAm levels do not. The
authors find interesting enrichment of their DNAm signatures for interferon-related genes. The authors use elastic net ML-
models to predict both time since infection as well as infection period, and are able to demonstrate the biological meaning of
these models by applying it to other Covid-19 cohorts as well as other disease cohorts (mostly autoimmune), finding interesting



links with S.Lupus infection, and importantly finding that the level of the post-infection DNAm signature is predictive of Covid-19
severity in an independent cohort.

Overall, | think this is a well-designed and very interesting study, and contributes some important new findings. The figures are
great. The authors have also used state-of-the-art statistical methodology throughout. However, there are also some very big
concerns, especially with regards to the treatment of cell-type heterogeneity and the interpretation of the DNAm changes, as
well as concerns regarding the statistical implementation of their prediction models, that absolutely need addressing:

1) Cell-type correction methodology is very poorly described and appears sub-standard (I): in Methods the authors write "We
estimated the proportions of six major cell types (B cells, Granulocytes, Monocytes, NK cells, CD4 T cells and CD8 T cells) using
standard reference-based method (Houseman et al, 2012). We took the original CellType450K basis matrix and replaced the
values with those from (Roy et al, 2021) (lllumina Methylation microarray). This would help remove the bias induced by the
platform inconsistency”. As written, this does not make sense and seems to indicate that the authors don't understand how this
works. First of all, the Houseman et al paper built a DNAm reference matrix for these cell-types using 450k technology.
Approximately 90% of these 450k probes are present on the EPIC array, so in my experience the cell-type fractions estimated
using Houseman's procedure using his DNAm reference matrix should work very well on EPIC data too. Indeed DNAm
reference matrices can tolerate up to 30% missing values and still perform very well (see e.g. Zheng SC et al Epigenomics
2018). However, if the authors wish to maximize coverage, then you can't just replace values...that is wrong. What you need to
do is build a new DNAm reference matrix using the EPIC DNAm data from say Roy et al 2021. But the authors do not describe
that they did this, which is disturbing.

2) Cell-type correction methodology is very poorly described and appears sub-standard (Il): In the same paragraph there is
another problematic issue, which is that the authors adjust for cell-type heterogeneity by regressing M-values to the estimated
cell-type fractions, and then seemingly transform back to beta-values. Irrespective of whether this procedure has been borrowed
from another paper (in which case that paper should be revised...), it is wrong. M-values are unbounded, but fractions are
bounded between 0 and 1. The methylation beta-value you measure is a linear sum of cell-type fractions times the methylation
beta-values in the specific cell-types. So, the cell-type fractions appears naturally in the beta-value basis and therefore adjusting
for cell-type fractions should be done in the beta-value basis. The residuals of course are not beta-valued but they also don't
need to be. You can still use the residual matrix downstream. It would be incorrect for the authors to assume that they can have
"a cell-type fraction adjusted data matrix" in the beta-valued basis. In theory what you actually want is the data matrix over CpGs
and samples for each individual cell-type but this is an extremely hard problem and current methods don't work well.

3) Celltype fractions as covariates: the authors should also make it clearer when they are using the residuals, and when they
are using them as covariates in their limma model. It should be clear that you don't need to do both together, that would be
wrong. It is advised to use them as covariates in the linear models (limma) whenever possible.

4) Variations in celltype fractions and interpretation: | am a little puzzled regarding the interpretation of the derived DNAm
signatures (Fig.2a) and their insensitivity to cell-type adjustment. On the one hand, Fig.EV2, clearly shows changes in cell-type
proportions with infection period. For instance, B-cells and NK-cells display quite big changes. And yet, adjustment for cell-type
fractions does not seem to alter the observed DNAm signatures? What about the enrichment of TFBSs in Fig.2b? Does that not
point to specific cell-types and hence that these signatures are driven by corresponding changes in cell-type proportions? In
other words, the authors don't seem to interpret any of their signatures in terms of variations in cell-type fractions, and frankly |
find that hard to believe. It could be down to the fact that the authors have not adjusted for cell-type fractions in the correct
manner (see previous points).

5) Estimation of celltype fractions with RNAseq: | don't understand what the authors did here. Frankly, by now there are many
cell-type fraction estimation tools available for RNA-Seq data, including CIBERSORT. There are corresponding mRNA
expression reference matrices. Just use that. Why train a model using paired DNAm data? What is the purpose of this? The
authors are not pushing boundaries here in terms of deriving a new mRNA expression reference matrix for blood, so what is the
point of this? The good agreement in Fig.EV2 between mRNA and DNAm is NOT impressive at all, if the mRNA-based
estimates were trained using DNAm data. | find Fig.EV2a-b comparison to be very misleading in fact. Please change your
mRNA-based method so that it only uses mRNA data!

6) Dynamic time warping: this is a nice method, but neither in Results nor Methods, do the authors explain what it actually does.
Please add 1-2 sentences explaining what it actually does and why it was used in Fig.2a. We want authors to apply methods
because they understand them, otherwise it gives the impression they are just applying a black-box. And please cite the
corresponding paper in main text, not just in Methods.

7) Prediction models on external datasets: The authors use a rather unconventional method to build the models that are applied
to the external datasets. If the authors used a nested CV on their training-test set splits, then why not run the internal CV loop on
the full dataset to derive a prediction model that can then be applied to the external datasets? Or alternatively, because the
authors have derived 100 classification/prediction models, one for each training-test set split, they could apply an ensemble
approach where each of the 100 are tested on the external dataset. Prediction/classification scores can then be averaged to
arrive a final prediction/classification score for each sample in the external dataset. These last two approaches are more
conventional and rigorous than the ad-hoc approach of the authors.

8) Fig.1c-d: can the authors please confirm that in Fig.1c they have not removed any datapoints from the other two quadrants? |
just found the agreement between asymptomatic and symptomatic to be amazingly good. As far as Fig.1d is concerned, | did not
find this PCA panel to convey any useful message. | would remove it.

9) External datasets (Fig.EV6): On first mention in the main text, there are no details provided regarding these external datasets.
What are they? And in Fig.EV6 | missed 95% confidence intervals for the AUCs specially in panel-A where the number of
samples is quite low.

10) Fig.5b: the data displayed in this panel is not very convincing. The P-values are also quite marginal and some experts have



been arguing that significance thresholds should be lowered to <0.001 e.g. to account for multiple-testing of "tests". Moreover,
the x-axis which labels the probability of misprediction only varies to 0.3?? | am surprised by that. | thought some samples would
have a probability larger than 0.5, or why then are they "misclassified"?

11) Fig.3a: | am also very troubled by Fig.3a, because the x-axis values go up to 80 days after diagnosis, but the predicted times
only go up to 40. So, if instead of using a correlation we were to use RMSE, we would have an extremely large error. | wonder if
this large RMSE reflects an error or problem in the training of the regression model? Seems like it. Why not train the model to
minimize the RMSE?

Minor point:

It is great to see that the authors used the correct nested CV strategy in their model training. It would be good if the authors
could cite a few papers that have emphasized the importance of nested CV: Simon, R., et al J. Natl Cancer Inst. 95, 14-18
(2003) and Teschendorff et al Nat Materials 2019.



1st Authors' Response to Reviewers 1st Dec 2022

Reviewers’ comments and our point-by-point responses

Reviewer #1

This is an interesting study in which the authors investigate the impact of a mild or asymptomatic COVID-
19 infection on the long-term DNA methylation pattern in the blood of the patients during and after the
infection. The authors identify transcriptional changes during infections, and in parallel DNA methylation
changes with a slower kinetics. Interestingly, it is only the DNA methylation that persists long-term after
the infection. Moreover, the post-infection patterns seem to be association with an anti-protective effect
against SARS-CoV-2 infection.

Comments

1. The study is very interesting and relevant, and the methodology is appropriate. | would only
suggest a bit more caution in the final conclusions of the study. In this respect, "Probabilities of
these samples being misclassified as active infection or LatePost were not significantly
associated with viral load (Fig. EV7b)". It was only the "probabilities of the pre-infection samples
being misclassified as EarlyPost" that were associated with having higher maximal levels of virus
detected by PCR (Page 9). Thus, it should be concluded that this deleterious effect of the COVID-
19 infection is relatively short lived, although certainly important. This should be clearly
discussed.

We appreciate the reviewers comment and have revised the discussion accordingly. It now reads
(changes are highlighted on p.11-12, 2nd paragraph in Discussion):

Strikingly, we find that contrary to the trained immunity phenomenon, in this cohort the presence of an
early post-infection-like methylation state prior to infection is anti-protective for the SARS-CoV-2 infection
that occurred subsequent to these baseline measurements. This potentially deleterious effect of SARS-
CoV-2 infection may be relatively short lived, as we found that the presence of a late post infection-like
methylation state prior to infection showed only a non-significant trend towards being anti-protective. The
persistence of SARS-CoV-2 induced methylation changes and their functional effects, if any, beyond the
several months duration of the present investigation requires additional study.

We also now provide the results of the hospital based COVID outcome study split into early and late Post
(see below) and find that those show a very similar pattern. Overall, the differences between earlyPost
and latePost are subtle. We think the revision stating “may be relatively short lived” expresses what can
be concluded from our analyses.
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2. COVID-19 is not the only infection which is associated with an increased susceptibility to other
infections after recovery: other examples are sepsis or measles, although the impact of epigenetic
changes after these infections has not been studied. Nevertheless, it would be good to discuss
these other infections.

We thank the reviewer for raising this point. We have revised the Discussion to include the statement (on
p. 12, 2nd paragraph of Discussion):

“An increased subsequent infection risk has been observed following other primary infections, such as
measles (PMID 32084116) “



3. It would have been ideal to be able to assess whether in addition to viral loads associated with
the post-COVID19 DNA methylation patterns, there are also associations with markers of systemic
inflammation (e.g. CRP, NLR, ferritin, etc), known to contribute to severity of the disease. Is such
information available?

The reviewer raises an interesting question. We have Olink data from the same cohort (Sauerwald et al.
Cell Systems 2022, published online https://www.cell.com/cell-systems/fulltext/S2405-4712(22)00432-X)
although unfortunately the sample overlap with the present study is only 49 subjects. We find that few
Olink measurements significantly correlate with our model predictions, and none after FDR correction.
Thus, we are not sufficiently powered to draw firm conclusions.
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4. Can the authors speculate whether the susceptibility to other infections than COVID-19 might be
influenced by the long-term changes in DNA-methylation.

The early-post methylation pattern is strikingly similar to that seen in SLE. There are claims in the
literature that SLE is also associated with an increased infection risk outside of immunosuppressive
treatment. However, the data on this point is not definitive. We suspect that the effects observed are not
specific to SARS-CoV-2 infection, but prefer not to speculate about this in the manuscript due to the lack
of any definitive evidence.

Reviewer #2



In this manuscript, the authors first observed a persistent methylation but not gene expression pattern
post asymptomatic or mildly symptomatic SARS-CoV-2 infection by comparing methylation and gene
expression profile of patients and control state through the course of the disease in the CHARM study
cohort. The prolonged methylation is clustered into seven groups, each is enriched with distinct biological
contents. Then, using the methylation data, a regression model was built to predict days post infection.
The authors also trained classification models to investigate whether the methylation pattern could be
applied to predict other disease state. Finally, the methylation data indicated that a post-infection like
methylation profile was anti-protective and associated with poor prognosis regardless of gender. Such
methylation seems cumulative, since post-infection like pattern becomes more obvious as age increases.
It exerts prolonged effect, and is distinct from previous defined trained immunity. However, despite of
intriguing results, there are major problems in article structure and data interpretation.

Major.

1. The major conclusion is not convincing.

(1) -.- In other words, the control samples could already be in a post-infection-like state, for
example as a result of infection with a different infectious agent or another immune challenge
such as vaccination. According to the authors, the post-infection-like methylation pattern has an
anti-protective effect (Fig. 5b). Patients who underwent SARS-Cov-2 infection (LatePost) should
establish such methylation pattern, and thus should exhibit the same anti-protective effect.
However, the probability of misclassifying a control sample as LatePost does not correlate
negatively with relative viral levels (Fig EV7b, right). Why?

This comment is related to that of Reviewer 1, point 1. We find a weak but non-significant effect for
LatePost on virus load. The trend in the methylation changes suggests that the epigenetic state eventually
returns towards baseline, and it would be reasonable to speculate that the effect on future infection may
follow the same trajectory. We hypothesize that the effect is indeed strongest in the earlier post-infection
phase. See also our answer and additional analyses in the response to Reviewer #1 point 1 above. As
described there, we have revised the manuscript to try to more accurately express what can be concluded
from our results in terms of the duration of this effect, and to indicate the necessity for further study to
more accurately estimate the duration of this anti-protective effect.

(2) The authors assumed that anti-protective methylation was related with innate immunity (... for
example as a result of infection with a different infectious agent or another immune challenge
such as vaccination.). However, the methylation data is heavily correlated with adaptive immunity
(B & T cells, Fig. EV4b). Therefore, the methylation data may reflect the activity of adaptive
immunity in each patients. Each control sample may vary in the activity of adaptive immunity
intrinsically, and those who resemble EarlyPost state have a more active adaptive immunity
preset, resulting low viral loads. If the authors want to conclude that anti-protective methylation
comes from previous infection/stimulation, more solid biological data, rather than mathematical
manipulation, is needed. Otherwise, it is circular argument.

Regarding the comment about model circularity, we respectfully disagree with this assertion. We clearly
show that the model output is predictive of future viral loads and the viral loads were not used in model
training. We agree that the biological interpretation is open to discussion



Regarding innate vs. adaptive immunity, we hypothesize that the effect is related to the state of the innate
immune system as the subjects were infected with SARS-CoV-2 for the first time and thus should not
have any pre-existing adaptive response. Cross reactivity with earlier other coronavirus infections is
possible, but seems unlikely given that the pre-infection post-SARS-CoV-2 methylation pattern is anti-
protective. We agree that we are not able to determine the cell-type specificity, and cannot exclude the
possibility that the state of adaptive cells plays an important role.

In response to this comment, we have now removed the term “innate” from the corresponding section.

2. Inconsistent article structure.

In the part "SARS-CoV-2 methylation clock", the authors trained a regression model to predict
days post infection. These contents are disconnected from the remaining parts of the article and
thus unnecessary.

We feel that a major finding of our paper is the existence of a quantitative clock that can be used to
predict the timing of previous SARS-CoV-2 infection. We cannot refer to this as a methylation clock
without this analysis.

3. Improper data interpretation.

In the part "Relationship to other conditions”, the classification model is applied in a variety of
disease types, such as autoimmune diseases (SLE, multiple sclerosis and rheumatoid arthritis),
acute infection (SARS-Cov-2 and influenza) and chronic infection (HCV), which varied greatly in
mechanism and phenotype and thus it is not reasonable to generalize the classification model. For
example, ... Significant enrichment was observed between EarlyPost period DMS and the HCV
study, an HIV study and two SLE studies. How to explain the resemblance? Is the same
enrichment observed in other chronic or autoimmune diseases? What are the authors trying to
imply with this model? Unless more biological interpretations are made, the generalization is
meaningless.

The motivation behind these analyses is to establish the extent to which our observed patterns are
specific to infection with SARS-CoV-2, to infection overall, or to conditions in general that modulate
immunity. We indeed find that it is the latter.

We have made this motivation more explicit in the text (on p.7, 1st paragraph of the “Relationship to other
conditions” subsection:

“In order to characterize the specificity and generalizability of methylation changes observed during
SARS-CoV-2 infection we examined whether a model trained to distinguish post PCR+ samples
(EarlyPost and LatePost combined) from Control could also distinguish other conditions associated with
altered immunological states”

We have also added a concluding sentence at the end of this section (p.8, 2nd paragraph):



“Overall, we find that our methylation model has considerable overlap with other inflammatory conditions
including chronic infection and autoimmune diseases and is most similar to SLE. This is consistent with
the observation that the changes we observe are related to modulation of interferon signaling, which is
activated in SLE.“(Ref: https://lupus.bmj.com/content/6/1/e000270)

Minor.
1. Among the top 16 CpG sites used by the model, we highlight two hypomethylated sites in
IF144L, which were individually inversely correlated with virus level (Fig. 5a): Should be Fig. 5b.

This has been corrected on p. 10, 1** paragraph.

2. Can you define how long the anti-protective methylation pattern exist?
This would require additional study as described in Reviewer 1 point 1 response above. The text has been
clarified on this point.

3. Since the authors mentioned train immunity, is methylation involved in the regulation of trained
immunity? For example, what is the methylation level of IRF targeted genes?

Methylation has been implicated in trained immunity (see
https://www.science.org/doi/full/10.1126/sciadv.abn4002, which reports methylation changes following in
vivo and in vitro BCG antigen exposure). Comparing this study with our data we find that the two
methylation patterns show no evidence for being related (see Fig. 5d). In the absence of any relationship,
we have not proceeded to compare specific targets.

4. Which type of cells play the major role in methylation-related anti-protection?

We are unable to determine the cell of origin for these signals with any confidence. The infection
associated probes show less cell-type specificity than a typical probe. Given the relatively small
magnitude of the effect, we can hypothesize that the cell type involved is relatively rare and given the
duration of the effect that it is long lived, which would rule out most myeloid cells. We hypothesize that the
effect is mediated through hematopoietic stem and progenitor cells (HSPCs) in the bone marrow and
alters the state of newly generated circulating myeloid cells. This is consistent with results obtained
looking at HSPCs in other studies https://www.biorxiv.org/content/10.1101/2022.02.09.479588v1 .full
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Reviewer #3

The paper "A methylation clock model of mild SARS-CoV-2 infection provides insight into immune
dysregulation" from Chikina and Sealfon's labs is a well-conducted longitudinal Covid-infection study of
transcriptomic and DNA methylation (DNAm) patterns in a reasonable number of healthy young
individuals (all males). The authors find that the severity of symptoms (in this cohort asymptomatic vs
mild) did not have an impact on differential expression or DNAm patterns, but that there were differences
between pre-infection, first and subsequent PCR+ tests and PCR- post-infection period. In particular, the
authors discover that whilst gene expression patterns post-infection largely return to pre-infection levels,
that DNAm levels do not. The authors find interesting enrichment of their DNAm signatures for interferon-
related genes. The authors use elastic net ML-models to predict both time since infection as well as
infection period, and are able to demonstrate the biological meaning of these models by applying it to
other Covid-19 cohorts as well as other disease cohorts (mostly autoimmune), finding interesting links
with S.Lupus infection, and importantly finding that the level of the post-infection DNAm signature is
predictive of Covid-19 severity in an independent cohort.

Overall, | think this is a well-designed and very interesting study, and contributes some important new
findings. The figures are great. The authors have also used state-of-the-art statistical methodology
throughout. However, there are also some very big concerns, especially with regards to the treatment of
cell-type heterogeneity and the interpretation of the DNAm changes, as well as concerns regarding the
statistical implementation of their prediction models, that absolutely need addressing:



1) Cell-type correction methodology is very poorly described and appears sub-standard (l): in
Methods the authors write "We estimated the proportions of six major cell types (B cells,
Granulocytes, Monocytes, NK cells, CD4 T cells and CD8 T cells) using standard reference-based
method (Houseman et al, 2012). We took the original CellType450K basis matrix and replaced the
values with those from (Roy et al, 2021) (lllumina Methylation microarray). This would help remove
the bias induced by the platform inconsistency"”. As written, this does not make sense and seems
to indicate that the authors don't understand how this works. First of all, the Houseman et al paper
built a DNAm reference matrix for these cell-types using 450k technology. Approximately 90% of
these 450k probes are present on the EPIC array, so in my experience the cell-type fractions
estimated using Houseman's procedure using his DNAm reference matrix should work very well
on EPIC data too. Indeed DNAmM reference matrices can tolerate up to 30% missing values and still
perform very well (see e.g. Zheng SC et al Epigenomics 2018). However, if the authors wish to
maximize coverage, then you can't just replace values...that is wrong. What you need to do is build
a new DNAm reference matrix using the EPIC DNAm data from say Roy et al 2021. But the authors
do not describe that they did this, which is disturbing.

We agree with the reviewer that we made several non standard choices for our cell type correction. These
choices were made for carefully considered scientific and statistical reasons and with consideration of and
experience with all available methods. We clarify the justification for our choices and demonstrate that the
conclusions are robust.

Regarding the custom cell-type basis: Using the Houseman basis we noted that we have many 0 values
for NK cells, which is not consistent with expectation. While the EPIC array is indeed nearly a superset of
the 450K array, there are small distribution shifts in probe values which we hypothesized might cause
miscalibration. We thus made a new basis using the exact same probes, but with mean cell-type values
from the EPIC platform. This indeed fixed the range issue. However, we emphasize that all the
conclusions regarding cell-type associations and cell-type corrected differential analysis are robust to this
choice as demonstrated below.

As the reviewer points out, deconvolution is very robust to small changes in the set of informative probes.
Therefore we did not see a need to build an entirely new basis matrix from the Roy et al. dataset.

Regarding deconvolution of the RNA data, we have chosen this customized approach in order to generate
a comparison across modalities that is as fair as possible. The cell-type estimation problem is
fundamentally different for RNA and methylation. Methylation cell type fractions are much more robust
and reproducible, but the range of cell-types estimated is more limited. Rare cell types can still be
estimated in RNA space if they produce large quantities of cell-type specific transcripts and thus
contribute appreciably to the RNA pool. On the other hand the same cell type cannot be estimated using a
DNA based assay as the amount of DNA contributed is fixed. A good example of such a cell type is
plasmablasts, which can be reliably estimated using RNA but not methylation.

Thus, for our analysis we have chosen to use a single cell-type estimate for both modalities. This ensures
that we are correcting for identical cell types across the two modalities and that, in particular, the cell-type
corrected model has the same degrees of freedom. We specifically chose the methylation based estimate
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as that is more robust in that it doesn’t strongly depend on different data processing and algorithmic
choices (as is the case with RNA). The reason for training the machine learning model was simply
imputation for samples where RNA was available but methylation was not. We have expanded the
explanation of our reasoning in the methods section as follows (on p.17, 1st paragraph):

“Our key goal for proportion inference was to ascertain if the major trends in our data such as more
prolonged alterations in DNA versus RNA were insensitive to cell proportion correction. As proportion
estimation from RNA and methylation differs greatly in terms of robustness and the number of cell types
which can be estimated (methylation is more robust while RNA can be used to estimate some rare cell
types) in order to formulate a fair comparison we correct both modalities for the same cell proportion
estimates. We used the methylation estimated proportions as a gold standard. For RNA samples with no
matching methylation, the proportions were imputed using a simple machine learning model. “

In response to the reviewer's comment, we have repeated the analysis of both cell-type changes and cell-
type corrected differential signals using a variety of different deconvolution approaches. We find that the
main conclusions that:

1. Cell type correction has a limited effect on the differential signal (See discussion of this below)

2. Methylation changes are more prolonged than gene expression changes
are very robust to the choice of cell type estimation method. To illustrate this, we have reproduced Figure
1b which shows differential expression using a variety of different cell type inference algorithms including
CIBERSORTX and the recent expanded 12 cell-type methylation basis from Salas et al. We now provide
this figure in Appendix Figure S5, and have revised the text to refer to the robustness of these results (on
p. 4, 2nd paragraph).

Methylation RNA

— — Methylation
g o .t
w o L.
S § 2048 ST 1024+ RNA
E g — K
E TS 10244 e Corrected for
E'E ‘g 256 - cell proportion
20 .
&2 o 512- Methylation (Reference-based)
o
5 g Methylation (Salas et al)
€3 64 - o
5 g 2561 ® RNA-seq (CIBERSORT)
z3

: i i i i . i . + Uncorrected
First Mid EarlyPostLatePost First Mid EarlyPostLatePost
Time Periods

We also show below the differential type cell-analysis using the same estimates. The methods show
consistent trends with the greatest changes across pseudotime groups seen in NK cells. See figures
below. These results are now included in the manuscript as Appendix Figure S6 (on p. 4, 2nd paragraph).
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Figure above: Celltype estimation based on the methylation data using basis from Houseman et al. (ref-based)
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Figure above: Celltype estimation based on CIBERSORTx. We note that CIBERSORTX includes interferon response markers in
their basis set, which does cause some differences in deconvolution of virus infection time course data (e.g. the increase in
activated dendritic cell proportion seen at Mid, which is not consistent with other methods).

2) Cell-type correction methodology is very poorly described and appears sub-standard (ll): In the
same paragraph there is another problematic issue, which is that the authors adjust for cell-type
heterogeneity by regressing M-values to the estimated cell-type fractions, and then seemingly
transform back to beta-values. Irrespective of whether this procedure has been borrowed from
another paper (in which case that paper should be revised...), it is wrong. M-values are
unbounded, but fractions are bounded between 0 and 1. The methylation beta-value you measure
is a linear sum of cell-type fractions times the methylation beta-values in the specific cell-types.
So, the cell-type fractions appears naturally in the beta-value basis and therefore adjusting for
cell-type fractions should be done in the beta-value basis. The residuals of course are not beta-
valued but they also don't need to be. You can still use the residual matrix downstream. It would
be incorrect for the authors to assume that they can have "a cell-type fraction adjusted data
matrix" in the beta-valued basis. In theory what you actually want is the data matrix over CpGs and
samples for each individual cell-type but this is an extremely hard problem and current methods
don't work well.

We have expanded both our analyses and the description of our cell-type correction method as detailed in
our response to the previous questions. Regarding, M-values vs. betas, we only used M-values for the
batch correction step which uses ComBat. We reasoned that since the model assumes a Gaussian
distribution M-values were more appropriate. As stated in the text (on p.16, 1st paragraph):
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“We applied ComBat (Johnson et al, 2007) in the M-value space to regress out potential technical
covariates including Array (EPIC array), Slide (EPIC array) and batches (EPIC array plates). Then we
converted methylation levels of 707,361 CpG sites from M-values to beta-values for all the downstream
analysis.”

The result was then transformed back into beta space and beta values were used for all subsequent
analysis including cell-type estimates. We also note that as stated in the text the final limma differential
expression is performed on z-score transformed beta-values as we found that many probes with similar
trajectories had widely variable ranges. This being a linear transformation, it does not affect T-tests.

3) Celltype fractions as covariates: the authors should also make it clearer when they are using
the residuals, and when they are using them as covariates in their limma model. It should be clear
that you don't need to do both together, that would be wrong. It is advised to use them as
covariates in the linear models (limma) whenever possible.

We did include cell-types as covariates in the linear regression model. This is stated in the Methods
section as follows (on p.18, 1st paragraph):

“When cell type proportions were corrected, the proportions of six major cell types (Monocyte%, Bcell%,
Gran%, CD4T%, CD8T%, NK%) were also included as biological covariates.”

4) Variations in celltype fractions and interpretation: | am a little puzzled regarding the
interpretation of the derived DNAm signatures (Fig.2a) and their insensitivity to cell-type
adjustment. On the one hand, Fig.EV2, clearly shows changes in cell-type proportions with
infection period. For instance, B-cells and NK-cells display quite big changes. And yet, adjustment
for cell-type fractions does not seem to alter the observed DNAm signatures? What about the
enrichment of TFBSs in Fig.2b? Does that not point to specific cell-types and hence that these
signatures are driven by corresponding changes in cell-type proportions? In other words, the
authors don't seem to interpret any of their signatures in terms of variations in cell-type fractions,
and frankly I find that hard to believe. It could be down to the fact that the authors have not
adjusted for cell-type fractions in the correct manner (see previous points).

We agree that we cannot exclude the possibility that the changes we observe are indeed differences in
cell-types that we have not adjusted for. As we consider fine grained cell-type distinctions the difference
between cell-type and gene regulation becomes difficult to delineate. What we can confidently say is that
the top differentially methylated probes are not explained by changes in major cell-types. Indeed, our
differential probes show relatively little cell-type specificity as judged by the cell-type coefficients in the
model used for differential testing.

With regard to how the number of DMCs changes when cell type correction is applied, generally cell-type
correction can both decrease and increase discoveries. We also note that while the changes in cell
proportions we observe are indeed highly significant, in some cases they are still small in absolute
magnitude.
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We have included additional text to clarify the limitations of our cell-type correction (on p. 4, 2nd
paragraph).

“These conclusions were robust to changes in the computational framework used to infer cell proportions
(Appendix Figure S5 and Appendix Figure S6). We cannot exclude the possibility that some of the
differences we observe correspond to changes in the frequency of a cell-type that is not accounted for in
computational cell type deconvolution methods.”

5) Estimation of celltype fractions with RNAseq: | don't understand what the authors did here.
Frankly, by now there are many cell-type fraction estimation tools available for RNA-Seq data,
including CIBERSORT. There are corresponding mRNA expression reference matrices. Just use
that. Why train a model using paired DNAm data? What is the purpose of this? The authors are not
pushing boundaries here in terms of deriving a new mRNA expression reference matrix for blood,
so what is the point of this? The good agreement in Fig.EV2 between mRNA and DNAm is NOT
impressive at all, if the mRNA-based estimates were trained using DNAm data. | find Fig.EV2a-b
comparison to be very misleading in fact. Please change your mRNA-based method so that it only
uses mMRNA data!

We believe that our additional explanation and analyses performed for comment 1 apply to this comment
as well. In particular, we demonstrate that our conclusions are robust to using CIBERSORTX.

6) Dynamic time warping: this is a nice method, but neither in Results nor Methods, do the authors
explain what it actually does. Please add 1-2 sentences explaining what it actually does and why it
was used in Fig.2a. We want authors to apply methods because they understand them, otherwise
it gives the impression they are just applying a black-box. And please cite the corresponding
paper in main text, not just in Methods.

We add the following text to the main text (on p. 18 in the “7. Temporal clustering (Figure 2a)” subsection:

Dynamic time warping is an algorithm that calculates the optimal matching between two time series
([1,2]). It measures similarity based on overall trajectory, regardless of speed. These characteristics make
it beneficial for clustering differential features according to their temporal trajectory patterns.

1. Liu, Xueli, and Hans-Georg Miiller. "Modes and clustering for time-warped gene expression profile data."
Bioinformatics 19.15 (2003): 1937-1944.

2. Leng, Xiaoyan, and Hans-Georg Miiller. "Classification using functional data analysis for temporal gene
expression data." Bioinformatics 22.1 (2006): 68-76.

7) Prediction models on external datasets: The authors use a rather unconventional method to
build the models that are applied to the external datasets. If the authors used a nested CV on their
training-test set splits, then why not run the internal CV loop on the full dataset to derive a
prediction model that can then be applied to the external datasets? Or alternatively, because the
authors have derived 100 classification/prediction models, one for each training-test set split, they
could apply an ensemble approach where each of the 100 are tested on the external dataset.
Prediction/classification scores can then be averaged to arrive a final prediction/classification
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score for each sample in the external dataset. These last two approaches are more conventional
and rigorous than the ad-hoc approach of the authors.

The reason we had chosen our approach to model building is that we were interested in applying the
model to external datasets, most of which are on the 450K array unlike our data which is from the 850K
array. As there are small but important domain shifts between the two platforms, we reasoned that
selecting the most robust probes would improve model transfer. However, the hospital outcome dataset in
Figure 5C contains the 850K EPIC, and we followed the reviewers suggestions for this dataset. We find
that the results show the same trends, and the p-values were more significant when using the ensemble
model. The reasoning for our model choices is now more explicit in the Methods (on p.21, 2nd
paragraph).

“In order to build a general model that is applicable for external datasets, we first selected features that
were robust (frequently selected over all outer train-test splits) and then built the model only with these
most stable features. This procedure makes the model more robust to domain shifts that arise when
switching from the 850K EPIC methylation arrays (our data) to the 450K platform (nearly all external
datasets). “
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8) Fig.1c-d: can the authors please confirm that in Fig.1c they have not removed any datapoints
from the other two quadrants? | just found the agreement between asymptomatic and
symptomatic to be amazingly good. As far as Fig.1d is concerned, | did not find this PCA panel to
convey any useful message. | would remove it.

While there is no specific constraint on which quadrant will contain points, the probes plotted had to be
differentially methylated overall and differentially methylated in either symptomatic or asymptomatic
groups. This analysis was performed as follows. We repeated the differential analysis separately for
symptomatic subjects and asymptomatic subjects. For each differential contrast, we first selected DMS in
Fig. 1b (all subjects) that were also differentially methylated (FDR < 0.05) within symptomatic or
asymptomatic groups. Then we extracted the corresponding differential statistics and generated the
scatter plot to demonstrate that the DMS were indistinguishable with respect to the symptoms.

In response to the reviewer's comment, we have modified the legend to Fig. 1c to include the statement
(on p.29):

“For each differential contrast, we first selected DMS in Fig. 1b (all subjects) that were also differentially
methylated (FDR < 0.05) within symptomatic or asymptomatic groups.”

With respect to Fig. 1d, we feel that many readers will find the overall progression of DEG and DMS
through PC space to be a helpful high level summary of the data. We thank the reviewer for noting that
the point we are making with this plot may not be evident. We have revised the legend to include the
statement (on p.29):

We note that for gene expression Post time points are very close to Control while this is not the case
for methylation. Moreover, the pattern is similar for DEG associated and other differential probes.

9) External datasets (Fig.EV6): On first mention in the main text, there are no details provided
regarding these external datasets. What are they? And in Fig.EV6 | missed 95% confidence
intervals for the AUCs specially in panel-A where the number of samples is quite low.

We have added the confidence intervals as requested (revised Fig. EV6a, now Appendix Figure S2a,
reproduced below). These are not external datasets, but simply model performance on our study samples
separated by subject sex. We have amended the text to clarify this as follows (on p.6-7, in the “SARS-
CoV-2 methylation clock” subsection):

To determine whether these analyses were applicable to females, we examined the classification of the
male and female participants in our dataset separately. We compared the multiclass classifier
performance in the 31 samples from the 11 female participants (Fig. EV6a) and in the 397 samples from
the 122 male participants (Fig. EV6b). Overall, the samples from both sexes were classified with similar
accuracy, although the confidence intervals for females were wide due to small sample size. “
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10) Fig.5b: the data displayed in this panel is not very convincing. The P-values are also quite
marginal and some experts have been arguing that significance thresholds should be lowered to
<0.001 e.g. to account for multiple-testing of "tests". Moreover, the x-axis which labels the
probability of misprediction only varies to 0.3?7? | am surprised by that. | thought some samples
would have a probability larger than 0.5, or why then are they "misclassified"?

We agree with the reviewer that a stronger significance level would be preferable, which could
presumably be achieved using a larger sample size. However, this is a very unique study and adding
samples is not feasible. In this light we feel that a p-value of .0012 is reasonably close to the threshold the
reviewer would prefer. Regarding the misprediction probability, we are indeed using the term loosely. We
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are quantifying variation within the not yet infected Control group, which on average is predicted correctly
since the model was trained on these samples. We appreciate that the reviewer has pointed out that our
presentation here is confusing. In order to avoid this confusion, we have added the following text when we
first introduced this misclassification analysis (on p.9, 2nd paragraph):

We note that nearly all samples are, in fact, correctly classified by the model. We use the term
“misclassification” here to reflect merely the quantitative probability obtained from the model of
classifying the samples as belonging to the wrong class.

11) Fig.3a: | am also very troubled by Fig.3a, because the x-axis values go up to 80 days after
diagnosis, but the predicted times only go up to 40. So, if instead of using a correlation we were to
use RMSE, we would have an extremely large error. | wonder if this large RMSE reflects an error or
problem in the training of the regression model? Seems like it. Why not train the model to
minimize the RMSE?

The models are in fact trained with MSE loss and not correlation, but we show correlation as that is the
readily interpretable unitless quantity. We have revised the legend of Fig. 3a to include the statement (on
p. 30):

“The results shown were trained with mean squared error, but are depicted as a correlation plot to
facilitate interpretation.”

We note that given the variance in the output variable Y it is straightforward to translate MSE to
correlation as the two values are related by a linear transformation. We have very few data points at 80 so
they contribute very little to the loss which explains why the best fit (minimum MSE loss) model does not
extend to the full data range.

Minor point:

It is great to see that the authors used the correct nested CV strategy in their model training. It
would be good if the authors could cite a few papers that have emphasized the importance of
nested CV: Simon, R., et al J. Natl Cancer Inst. 95, 14-18 (2003) and Teschendorff et al Nat
Materials 2019.

We have now included the following citations (on p. 21, 1st paragraph).
1. Simon, Richard, et al. "Pitfalls in the use of DNA microarray data for diagnostic and prognostic
classification." Journal of the National Cancer Institute 95.1 (2003): 14-18.

2. Teschendorff, Andrew E. "Avoiding common pitfalls in machine learning omic data science."
Nature materials 18.5 (2019): 422-427.
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1st Revision - Editorial Decision 18th Jan 2023

Thank you for sending us your revised manuscript. We have now heard back from the two referees who agreed to evaluate your
study. From the comments below, you will see while Reviewer #2 indicated that they were satisfied with the revisions, Reviewer
#3 still raised significant concerns about the data analysis. Regarding these remaining issues, we have additionally consulted
with an expert in the field and shared your preliminary point-by-point response with them. As you will see below, the advisor
made constructive suggestions, and we would ask you to address the remaining concerns of Reviewer #3 in a revised version of
the manuscript according to the external advisor's recommendations.

Reviewer #2:

The authors have responded well to my comments.

Reviewer #3:

The revised version of the paper "A methylation clock model of mild SARS-CoV-2 infection provides insight into immune
dysregulation" has improved. However, a number of major concerns still remain:

1) The authors did not address my concern about their approach to regress out cell-type fractions in the M-value basis. In fact, in
Methods the authors still state "We further regressed out cell type proportions by linear regression in the M-value space and
created the cell-type corrected beta value matrix for some downstream analysis". | tried to explain to the authors that statistically
speaking this is problematic because the natural exact relationship that exists between beta-values and cell-type proportions (a
beta-value in tissue can be expressed exactly as a linear sum of cell-type proportions and beta-values in the actual cell-types) is
"destroyed" when you transform beta-values to M-values. Hence, the "regressing out" of cell-type proportions in the M-value
space leads to a biased residual matrix. In any case, the author's statement in Methods plainly contradicts their responses
provided in their rebuttal letter, because in the rebuttal they categorically stated that they only used M-values for batch
correction. In fact, as written in Methods, one gets the impression that the authors have regressed out cell-type fractions in the
M-value basis and then corrected for cell-type fractions again when performing DMS-type analyses. This again is poor
scholarship, because you don't need and you should never adjust for the same factors twice. | understand that how exactly you
perform these analysis may not greatly affect results on this particular dataset, yet this is not a valid reason for not doing things
properly. On other datasets, the specifics of the method could greatly impact results. The important thing here is to retain a
certain level of scholarship.

2) A similar comment applies to the author's refusal to regenerate a new EPIC DNAm reference matrix for blood from the Roy et
al data. Whilst | agree that replacing the values in the older 450k DNAm reference matrix with EPIC-derived ones, should work,

it again reflects poor scientific reasoning and scholarship. That the authors express so much concern about differences in 450k
and EPIC arrays, raises the question why they don't derive a new DNAm reference matrix from Roy et al data, which is EPIC,
thus circumventing their original concern. Indeed, given that not all 450k probes are on EPIC arrays, isn't the loss of probes a
bigger concern than very small shifts in the mean DNAm values between 450k and EPIC? It seems to me that the authors are
just cherry-picking their concerns, whilst ignoring others. Again, whilst | agree that all of this will not greatly affect downstream
analyses in this particular study, it is generally speaking poor scholarship to replace the entries of a 450k DNAm reference matrix
with values from an EPIC array because those values also derive from *different sets of samples®, so you are not altering the
values simply by a technical difference but also by a biological difference (e.g. different ages).

3) Finally, | was also not persuaded by the author's argument in relation to Fig.3a. For the task of predicting time since infection,
| would strongly argue that it is the absolute error estimate that matters. A Pearson correlation is not applicable to ONE new
sample for which you need to predict the time from infection. However, the difference between predicted time and actual time is
applicable to ONE new sample. Hence, based on Fig.3a, | find it very troubling that the MSE is quite large, for instance, even for
samples at 30/40 days, we can see that the error is a whopping 10 days. How is such a large error applicable in clinical practice?
| honestly don't see how this advances the field.



External advisor:

Rev 3 point 1

A large body of literature of modelling cell-type proportions in DNA methylation are performed in the beta-value space (e.g.
https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-017-1511-
5,https://omcbioinformatics.biomedcentral.com/articles/10.1186/1471-2105-13-
86,https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-016-1140-4, https://www.nature.com/articles/s41467-
019-11052-9,https://genomebiology.biomedcentral.com/articles/10.1186/s13059-017-1182-6,
https://www.nature.com/articles/nmeth.3809). This supports the general stance of the reviewer that cell-type modelling of DNA
methylation data is performed in the beta-value space. Many of these studies make use of methylation array data, where M-
value are easily accessible, but were not chosen for modelling cell type mixtures, despite it being clear that differential
methylation calling should be performed in the M-value space (especially when using models assuming normality). This is very
likely because the additivity of cell-type specific DNA methylation in the beta-value space is much easier to model. So, even if

the authors show that there modelling of cell-type proportions in the M-value space (in their B2M2B model) is similar to the
modelling in the beta-value space (B_regress), the question remains why the authors prefer to show the B2M2B results instead
of the B_regress results given that the majority of the cell-type deconvolution has been done in the beta-value space. My advice
would that the authors redo figure 2A based on the B_regress model (which should not affect the final results in a major way),
and state that performed the correction in the beta-value space as this is what is commonly done, and for a later study present
results on the B2M2B vs the B_regress approaches to start a discussion of the whether cell-type modelling should be performed
in the M-value vs beta-value space (as the comparison is not the major focus of the study).

Rev 3 Point 2

With regards to the suitability of replacing 450k cell-type specific CpGs with EPIC values, | believe that both the reviewer and
authors agree that this will have minimal effect. However, in order to satisfy the reviewer concern that while what the authors did
sounds very reasonable, they should show some evidence that it should. This could be in the form of citing a previous
publication where a similar approach was done, or performing analysis similar to ANOVA to show that indeed more than X% of
CpGs are different between groups, or create a scatter plot of the 450k values against the EPIC values and report the
correlation, or simply create a heatmap similar to Roy et al Fig 1e to show that visual cell-type specificity is maintained. | do not
think this would constitute a major amount of work and should reasonably address the reviewers minor concern.



2nd Authors' Response to Reviewers 16th Feb 2023

External Advisor (Reviewer #4)

Comment #1

A large body of literature of modelling cell-type proportions in DNA methylation are
performed in the beta-value space (e.g.
https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-017-1511-
5,https://bmcbioinformatics.biomedcentral.com/articles/10.1186/1471-2105-13-
86,https://bmcbiocinformatics.biomedcentral.com/articles/10.1186/s12859-016-1140-4,
https://www.nature.com/articles/s41467-019-11052-

9 https://genomebiology.biomedcentral.com/articles/10.1186/s13059-017-1182-6,
https://www.nature.com/articles/nmeth.3809). This supports the general stance of the
reviewer that cell-type modelling of DNA methylation data is performed in the beta-value
space. Many of these studies make use of methylation array data, where M-value are
easily accessible, but were not chosen for modelling cell type mixtures, despite it being
clear that differential methylation calling should be performed in the M-value space
(especially when using models assuming normality). This is very likely because the
additivity of cell-type specific DNA methylation in the beta-value space is much easier to
model. So, even if the authors show that there modelling of cell-type proportions in the M-
value space (in their B2ZM2B model) is similar to the modelling in the beta-value space
(B_regress), the question remains why the authors prefer to show the B2M2B results
instead of the B_regress results given that the majority of the cell-type deconvolution has
been done in the beta-value space. My advice would that the authors redo figure 2A
based on the B_regress model (which should not affect the final results in a major way),
and state that performed the correction in the beta-value space as this is what is
commonly done, and for a later study present results on the B2ZM2B vs the B_regress
approaches to start a discussion of the whether cell-type modelling should be performed
in the M-value vs beta-value space (as the comparison is not the major focus of the
study).

Authors’ Response: The goal of the analysis shown in Fig. 2 in the manuscript is to
achieve the best clustering possible for summarization of the patterns of response and for
supporting biological interpretation. We have performed the B_regress analysis as
suggested by the reviewer. Although the re-analysis does not change the conclusions of
the manuscript, we find that the clustering obtained with our original B2ZM2B analysis is
objectively better than that obtained with a B_regress analysis. We judge the quality of
the analysis in two ways: 1) are the clusters better distinguished and 2) are the clusters
more biologically coherent (i.e. does annotation of the clusters--for example TF binding
sites--show better or worse discrimination among the clusters). For point #1, we
determined total within-cluster variances (SSE), shown in the table below. Smaller values
indicate a better fit. As can be seen from the table below, the B2ZM2B clustering achieves
a smaller value. This may seem somewhat counterintuitive, but clustering solves an NP-
hard combinatorial problem with a greedy heuristic algorithm. Our results suggest that the



application of this greedy algorithm to B2M2B provides a better solution to the global
optimization problem. For point #2, if we look at the TF annotation of each cluster in the
original B2ZM2B analysis vs. the B_regress analysis, the B_regress analysis fails to
identify any unique TFs significantly associated with Clusters 2, 6 and 7, whereas
annotation of the original B2M2B analysis identifies unique TFs for all 7 clusters.
Furthermore there were only 45 unique TFs with the B_regress analysis and 61 with the
B2M2B. These findings indicate that the B2M2B analysis is better because the clusters
obtained are more distinct and show TF annotation results that distinguish each cluster
(Figs. 1a and 2a below).

We appreciate that the B_regress analysis is more common and that some readers (and
the reviewers) would like to know what the results were with B_regress analysis.
However, while it does not alter the conclusions of the manuscript, we believe the
clustering and annotation results using B_regress analysis are inferior. Therefore, we
propose to leave the B2M2B analysis in the main figure and include the B_regress
analysis and annotation as a supplementary figure. The methods have been revised to
explain the rationale for the B2ZM2B analysis and to cite the alternative results.

Normalization version SSE
| I 1
B2M2B (current) 29850
B_regress 30730

Table 1. In order to evaluate the clustering obtained using the B2M2B method (corresponding to
the original analysis in Fig. 2 of the manuscript) and the B_regress method requested by the
reviewers, we determined total within-cluster variance (SSE) for each approach. We utilized the
standard implementation of hierarchical clustering embedded in R the with ward.D2 option to
minimize the total within-cluster variance. We calculated the dynamic time warping distance as the
pairwise distance for any two DMS. We find that the clustering obtained from the original analysis
is objectively tighter than the clustering obtained using the B_regress approach.
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Figure 1. This is a remake of Figure 2 in the manuscript using the B_regress analysis requested by
the reviewer. a, Z-scored levels at DMS clustered by temporal trajectory relative to the first PCR-
positive test. Plotted is the average of each cluster over time. b, Enrichment of TFBS by cluster
within a 200-bp window centered at each DMS, FDR <.05 for at least one cluster. Fold, fold
enrichment. Unlike the results obtained with the B2M2B analysis shown in Fig. 2 in the original
version and reproduced below, the TF enrichment indicates that the results with B_regress are
clusters that have less biological coherence. Using B_regress, as shown above, there is less
distinction of the TFs between clusters and several of the clusters in the TF enrichment lack any
unique annotation at all.
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Figure 2. For comparison to Fig. 1 above, we reproduce the Fig. 2 from the original
manuscript, which includes the B2M2B clustering and TF annotation.

Comment #2:

With regards to the suitability of replacing 450k cell-type specific CpGs with EPIC values,
| believe that both the reviewer and authors agree that this will have minimal effect.
However, in order to satisfy the reviewer concern that while what the authors did sounds
very reasonable, they should show some evidence that it should. This could be in the
form of citing a previous publication where a similar approach was done, or performing
analysis similar to ANOVA to show that indeed more than X% of CpGs are different
between groups, or create a scatter plot of the 450k values against the EPIC values and
report the correlation, or simply create a heatmap similar to Roy et al Fig 1e to show that
visual cell-type specificity is maintained. | do not think this would constitute a major
amount of work and should reasonably address the reviewers minor concern.

Authors’ Response: Roy et al Fig 1e (Fig. 3 below) is not a heatmap of a basis matrix. In
particular it does not differentiate CD4 and CD8 T cells and also contains no cell-type specific
hypermethylated probes (which are valuable for deconvolution). As such, a direct comparison
between our analysis and that shown in Roy et al. Fig. 1e is difficult to interpret. In keeping with
the spirit of the reviewer’s request, we compare the basis we used to the standard Houseman
et al. basis for the 450K array (Houseman et al., 2012; Fig. 4 below). It is clear that the cell-type
specificity blocks are preserved and in some cases actually improved. In particular, we find that
the hypomethylated values are generally lower in the new basis. In addition, as suggested by



the reviewer, we also show a plot of the correlation of the 450K values against the EPIC array
(below) which shows nearly perfect correlation.
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Fig 4. a, Heatmap of the updated basis matrix for the EPIC array using the method and data
presented in the current manuscript. b, For comparison, the heatmap using the standard
Houseman et al. basis (Houseman et al., 2012) for the 450K array is shown. The method
utilized in the manuscript generates somewhat better cell type discrimination ¢, Scatter plot of
the 450K values against the updated EPIC basis values showing high correlation.

Reference

1. Roy, Roshni, et al. "DNA methylation signatures reveal that distinct combinations of transcription
factors specify human immune cell epigenetic identity." Immunity 54.11 (2021): 2465-2480

2. Houseman EA, Accomando WP, Koestler DC, Christensen BC, Marsit CJ, Nelson HH, Wiencke
JK, Kelsey KT (2012) DNA methylation arrays as surrogate measures of cell mixture distribution.
BMC Bioinformatics 13: 86

Revised responses to previous review from Referee #3

The revised version of the paper "A methylation clock model of mild SARS-CoV-2 infection
provides insight into immune dysregulation" has improved. However, a number of major
concerns still remain:

1) The authors did not address my concern about their approach to regress out cell-type
fractions in the M-value basis. In fact, in Methods the authors still state "We further regressed
out cell type proportions by linear regression in the M-value space and created the cell-type
corrected beta value matrix for some downstream analysis".

Authors’ Response: All differential methylation analysis was performed in B-value space.
Modeling was performed on B-values following batch correction with ComBat. The only
analysis performed in M value space was the matrix processing for clustering shown in main
Fig. 2A. This temporal trajectory clustering analysis was performed using B2M2B (Table 1
below) because we wanted to eliminate cell type proportion as a confounder. This regression
was done in M-space in order to more accurately conform to the assumptions of linear
regression (B values are beta distributed and have more variance at intermediate values in
comparison to the extremes). As we demonstrate below, our cell-type correction pipeline and
the one suggested by the reviewer (B_regress in Table 2 below) produce similar results (Fig. 5
below).

Name Normalization Pipeline
Raw No regression
B2M2B (current) Raw->converted to M value-> regress out the cell type proportion ->

converted to beta values.

B_regress Raw -> regress out the cell type proportion directly in the beta value
space




Table 2. Three normalization pipelines.

“‘Raw” represents the methylation matrix in the beta value space without any regression.
“B2M2B” represents the methylation matrix that was currently adopted for the trajectory
clustering in Fig. 2A after the following conversion: Raw->converted to M value-> regress out
the cell type proportion -> converted to beta values. “B_regress” represents the methylation
matrix regressing out the cell type proportion in the beta value space (Raw -> regress out the
cell type proportion directly in the beta value space).
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Figure 5. Left Panel: Pearson correlations between corresponding methylation samples across all
707,361 CpGs following different normalization pipelines. Right Panel: Comparison of distance matrices
(dynamic warping distance), the measure used for the clustering in Fig. 2A, calculated using B2M2B and
B_regress. This panel demonstrates that there is little difference using either pipeline for generating the
data used in the clustering of the regulated sites shown in the manuscript.

The goal of the analysis shown in Fig. 2 in the manuscript is to achieve the best
clustering possible for summarization of the patterns of response and for supporting
biological interpretation. We have performed the B_regress analysis as suggested by the
reviewer. Although the re-analysis does not change the conclusions of the manuscript, we
find that the clustering obtained with our original B2M2B analysis is objectively better than
that obtained with a B_regress analysis. We judge the quality of the analysis in two ways:
1) are the clusters better distinguished and 2) are the clusters more biologically coherent
(i.e. does annotation of the clusters--for example TF binding sites--show better or worse
discrimination among the clusters). For point #1, we determined total within-cluster
variances (SSE), shown in the table below. Smaller values indicate a better fit. As can
be seen from Table1 above, the B2M2B clustering assignment is better. For point #2, if
we look at the TF annotation of each cluster in the original B2ZM2B analysis vs. the
B_regress analysis, the B_regress analysis fails to identify any unique TFs significantly
associated with Clusters 2, 6 and 7, whereas annotation of the original B2M2B analysis
identifies unique TFs for all 7 clusters. Furthermore there were only 45 unique TFs with



the B_regress analysis and 61 with the B2M2B (Fig. 1b and 2b above). These findings all
support the formulation that the B2M2B analysis is better because the clusters obtained
are more distinct and show more distinct TF annotation results.

This may seem somewhat counterintuitive, but clustering solves an NP-hard
combinatorial problem with a greedy heuristic algorithm. What our results suggest is that
the application of this greedy algorithm to B2M2B provides a better solution to the global
optimization problem.

We appreciate that the B_regress analysis is more common and that some readers

would like to know what the results were with B_regress analysis. However, while it does
not alter the conclusions of the manuscript, we believe the clustering based on B_regress
analysis is inferior. Therefore, we propose to leave the B2ZM2B analysis in the main figure
and include the B_regress analysis and annotation as a supplementary figure. The
methods have been revised to explain the rationale for the B2M2B analysis and to cite the
alternative results.

| tried to explain to the authors that statistically speaking this is problematic because the
natural exact relationship that exists between beta-values and cell-type proportions (a beta-
value in tissue can be expressed exactly as a linear sum of cell-type proportions and beta-
values in the actual cell-types) is "destroyed" when you transform beta-values to M-values.

Authors’ Response: This is a technical detail that could be reasonably argued in different
ways. For example, one could also argue that doing least squares regression in beta space,
as the reviewer insists, is not valid as the residuals are not independent of the mean. This
study (https://bmcbioinformatics.biomedcentral.com/articles/10.1186/1471-2105-11-587)
argues that M value analysis is theoretically preferred. Generally, logit transforming
proportion values is a standard approach for dealing with heteroscedasticity and a proper
treatment of beta regression is quite complex (https://cran.r-
project.org/web/packages/betareg/vignettes/betareq.pdf). Thus there are many possible
approaches and different theoretical arguments for the validity of both the beta space
analysis preferred by the reviewer and M-space analysis we performed for the clustering
figure in 2A. We prefer M-value for the temporal trajectory clustering due to a distribution for
this specific analysis and because the clustering we obtain is objectively better. Moreover,
as we show in the response to the previous comment and to Reviewer #4 comment 1
above, the clustering obtained with the B2M2B analysis is better.

Hence, the "regressing out" of cell-type proportions in the M-value space leads to a biased
residual matrix. In any case, the author's statement in Methods plainly contradicts their
responses provided in their rebuttal letter, because in the rebuttal they categorically stated
that they only used M-values for batch correction. In fact, as written in Methods, one gets
the impression that the authors have regressed out cell-type fractions in the M-value basis
and then corrected for cell-type fractions again when performing DMS-type analyses. This



again is poor scholarship, because you don't need and you should never adjust for the
same factors twice.

Authors’ Response: We did not correct for cell type fractions twice. We have reviewed the
methods and revised the wording to ensure that it is clear the M type regression was used
only for the Fig. 2A analysis.The relevant sub-section of the Methods now reads:

We estimated the proportions of six major cell types (B cells, Granulocytes, Monocytes, NK cells, CD4 T
cells and CD8 T cells) using standard reference-based method (Houseman et al, 2012). We took the
original CellType450K basis matrix and replaced the values with those from (Roy et al, 2021) (lllumina
Methylation microarray). This was done to help remove bias induced by the platform inconsistency. We
compared cell type specificity obtained with the updated basis matrix to that obtained using the standard
Houseman et al. basis (Houseman et al., 2012). We found that the cell-type specificity blocks were
preserved and in some cases actually improved in the updated matrix. In particular, we find that the
hypomethylated values are generally lower in the new basis (Appendix Figure S9a-b). The overall
correlation of the standard basis values against the updated basis values is nearly perfect (Appendix
Figure S9c).

The differential methylation site analysis was performed on raw beta values using these cell type
proportions as covariates (see Materials and Methods, Sub-section 5). For clustering analysis, we created
a cell type-corrected matrix by regressing out cell type proportions first (see our elaboration in Sub-
section 7). The machine learning models used the raw beta value matrix (see Sub-section 10).

| understand that how exactly you perform these analysis may not greatly affect results on
this particular dataset, yet this is not a valid reason for not doing things properly. On other
datasets, the specifics of the method could greatly impact results. The important thing here
is to retain a certain level of scholarship

Authors’ Response: The reviewer asks us to ascertain that our analysis, which is
acknowledged to “not greatly affect results on this particular dataset” must be appropriate
for datasets we are not analyzing in this study. We are not presenting a tool for general use.
If the reviewer believes, as implied, that the scientific results are valid using the analysis
performed, there is no reasonable grounds to insist on a different analysis.

2) A similar comment applies to the author's refusal to regenerate a new EPIC DNAm
reference matrix for blood from the Roy et al data. Whilst | agree that replacing the values in
the older 450k DNAm reference matrix with EPIC-derived ones, should work, it again
reflects poor scientific reasoning and scholarship. That the authors express so much
concern about differences in 450k and EPIC arrays, raises the question why they don't
derive a new DNAm reference matrix from Roy et al data, which is EPIC, thus
circumventing their original concern. Indeed, given that not all 450k probes are on EPIC
arrays, isn't the loss of probes a bigger concern than very small shifts in the mean DNAm
values between 450k and EPIC? It seems to me that the authors are just cherry-picking
their concerns, whilst ignoring others. Again, whilst | agree that all of this will not greatly



affect downstream analyses in this particular study, it is generally speaking poor scholarship
to replace the entries of a 450k DNAm reference matrix with values from an EPIC array
because those values also derive from *different sets of samples*, so you are not altering
the values simply by a technical difference but also by a biological difference (e.g. different
ages).

Authors’ Response: We respectfully disagree with this point. Generating a basis matrix
essentially amounts to probe selection (as the values are typically taken to be the mean).
However, given just a full reference matrix, feature selection is not a well specified
optimization problem. Instead, heuristic algorithms are used in this step (Koestler 2016 DOI:
10.1186/s12859-016-0943-7; Salas 2018 DOI: 10.1186/s13059-018-1448-7) and any new
basis matrix has to be extensively validated on datasets with known ground truth. This
would be entirely outside the scope of our study. Furthermore, this issue is not pertinent to
our study, as acknowledged by the reviewer when stating “ that all of this will not greatly
affect downstream analyses in this particular study.”

To provide additional evidence for the appropriateness of the analysis we perform, please
see the response to comment #2 of Reviewer #4 above.

3) Finally, | was also not persuaded by the author's argument in relation to Fig.3a. For the
task of predicting time since infection, | would strongly argue that it is the absolute error
estimate that matters. A Pearson correlation is not applicable to ONE new sample for which
you need to predict the time from infection. However, the difference between predicted time
and actual time is applicable to ONE new sample. Hence, based on Fig.3a, | find it very
troubling that the MSE is quite large, for instance, even for samples at 30/40 days, we can
see that the error is a whopping 10 days. How is such a large error applicable in clinical
practice? | honestly don't see how this advances the field.

Authors’ Response: The reviewer raised a technical issue in the initial manuscript review.
As the reviewer now raises only a new concern about clinical utility, we assume the
response to the previous technical comment is in fact satisfactory to the reviewer. This
concern about clinical value was not raised in the previous review, so it could not have been
previously addressed.

In any event, we make no claims in the manuscript about the use of our time since infection
model in clinical practice. We do not know whether predicting time since infection would
have clinical practice value. We feel that the importance of this analysis is to demonstrate
that this relatively short time scale prediction is statistically feasible. Given that we have few
samples at longer time points, our study provides a lower bound on the duration of the
“predictable” period. This is of interest as it informs potential mechanisms.



2nd Revision - Editorial Decision 20th Feb 2023

Thank you again for sending us your revised manuscript. We are now satisfied with the modifications made and | am pleased to
inform you that your paper has been accepted for publication.
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